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Introduction
The increasing role of Asian financial markets in the world economy has recently attracted much attention to the problem of transmission of volatility shocks within the Asian region and beyond (e.g., Sin, 2013; He et al., 2015; Rughoo and You, 2015) . The existing literature has been increasingly focusing on this issue after the Asian financial crisis of 1997 (e.g., Caporale et al., 2006; Yilmaz, 2010) . Parallel to that the introduction of the stock index futures in Asian markets stimulated a debate about the intensity, speed and directions of international information transmission across futures markets (see e.g., Li, 2015) . Since the early papers by Cox (1976) and Harris (1989) the empirical evidence tends to show that futures trading improves the channels of information transmission because the news are conveyed by futures markets faster than by underlying spot markets. Therefore, the question how the signals are transmitted across the futures markets and what is the dynamics of cross-markets information flows is highly relevant. Due to the fact that stock index futures are relatively new instruments in Asia, the analysis of directions and intensity of transmission of volatility shocks across futures markets is particularly interesting using this new Asian data 1 . Thus, this paper aims to address the question: who are the net-contributors and net-recipients of volatility shocks within the Asian markets? We deal with this issue by exploring the direction and asymmetric nature of volatility transmission across emerging and developed Asian markets employing stock index futures data.
This paper is distinctly different from previous studies in two major ways. First, whilst most of the existing papers employed stock indices data in their analysis of volatility transmission across Asian markets, we argue that using stock index futures data provides more practically relevant results. Stock indices cannot be traded by investors as financial instruments, therefore from the point of view of the construction, testing and execution of actual trading strategies, the analysis of volatility transmission is much more realistic using the futures data (see, e.g., Yarovaya et al., 2016) . Second, the existing literature on volatility spillovers often fails to provide consistent results. One of the underlying problems is that volatility spillovers tests are sensitive to the choice of volatility estimators (e.g., Shu and Zhang, 2005) . The advantages of the range volatility estimators have been widely discussed in the previous literature (see, e.g., Garman and Klass, 1980; Parkinson, 1980; Rogers and Satchell, 1991, Yang and Zhang, 2000; among others) and the emphasis in the earlier studies has been on their sensitivity analysis. In this paper we do not aim, however, to compare the accuracy of range volatility estimators, which has been already done before in previous studies, but our purpose is to demonstrate how the results of volatility spillovers analysis may depend on the choice of volatility estimators.
Data and Methodology

Database
We use the data about the weekly volatility of stock index futures of 6 major Asian 
Estimation of Volatility
The classical measures of assets price variance are based on close-to-close prices from n-period historical datasets. In this paper, we provide the evidence from range estimators, i.e. Parkinson (1980) , Garman and Klass (1980) , Rogers and Satchell (1991) , denoted respectively as P, GK and RS, which are described below following the notation from Shu and Zhang (2006) and Yang and Zhang (2000) by equations (1) -(3):
where: c, o, h and l are the normalized closing, opening, high and low prices, respectively.
The weekly volatilities are estimated for all 6 futures markets in our sample.
Methodology
First, we use Diebold and Yilmaz (2012) methodology which provides the measure for volatility spillovers based on forecast error variance decompositions from a vector autoregressive (VAR) model. 3 Total volatility spillover index captures the intensity of volatility spillovers across the selected markets, while net volatility spillover indices are used to identify net-contributors and net-recipients of volatility shocks.
Second, our procedure employs Gauss code written by Hatemi-J (2012) to run asymmetric causality test. The cumulative sums of positive and negative shocks of each underlying variables can be defined as follows:
where positive and negative shocks are defined as:
Third, we further investigate asymmetric response to volatility shocks using a variant of the DCC-GARCH model originally introduced by Engle (2002) . We apply its modification, i.e. asymmetric generalized dynamic conditional correlation (AG-DCC) model, developed further by Cappiello et al. (2006) :
where: , and are × parameter matrices,
indicator function that takes on value 1 if the argument is true and 0 otherwise, while "°" Korea and Taiwan are net-contributors, while Japan, Singapore and China are net-recipients.
Empirical Results and Discussion
Volatility Spillover Index
[ Table 1 around here]
Figure 1 plots total volatility spillovers indices and it indicates that the pattern of spillovers is not significantly different for all three volatility estimators.
[ Figure 1 around here]
However, Diebold and Yilmaz (2012) framework does not allow to separate transmission of positive and negative shocks across markets, therefore in the next sections we further investigate the pattern of asymmetric responses. Table 2 summarises the pairwise results of asymmetric causality test across stock index futures of all 6 analysed markets in the Asian region. The test was conducted on 180 pairs of markets and the evidence of causality was found for only 13 pairs (i.e. 7%) at the 10% significance level.
Asymmetric Causality Test Results
[ Table 2 around here]
The results of asymmetric causality test for Parkinson volatility estimator detect four pairs of causal relationships, providing the evidence of two channels of intra-region volatility transmission. The first channel indicates that volatility transmits from Singapore to Japan and then from Japan to China. The second channel shows that volatility transmits from South Korea to Hong Kong and then from Hong Kong to Taiwan. In case of both those channels, the results of asymmetric causality test mean that a negative volatility shock in one market causes a negative shock in the volatility in another market. Hence, for example, i.e. a decline in volatility on the Singaporean market caused a decline in volatility in Japan first and afterwards this effect spread to China.
The conveyance of negative volatility shocks from Japan to China is also evident in case of the Garman-Klass volatility estimator. Besides, the results for Garman-Klass indicate that Taiwan is susceptible to negative volatility shocks transmitted from Hong Kong. In contrast to Parkinson volatility estimator's results, the findings for Garman-Klass volatility estimator reveal the transmission of positive volatility shock across markets, which provides evidence that South Korea is a recipient of volatility from Singapore, China and Taiwan. The same results are obtained for Rogers-Satchell volatility estimator, which means that volatility is transmitted from China and Taiwan to South Korea. The results for Rogers-Satchell range volatility estimator also indicate that volatility transmits from China to South Korea and also from Hong Kong to South Korea. In the opposite direction, the negative volatility shocks are conveyed from South Korea to Taiwan, which documents the existence of bi-directional causality between these two markets. The summary of the above findings is presented in Table   3 .
[ The asymmetry in volatility spillovers means that volatility transmission mechanisms can lead to both destabilizing and stabilizing effects on other markets. While volatility spillovers are commonly perceived as predominantly a destabilizing force, our results based on the asymmetric test show that decrease in volatility in one market can cause a decrease in volatility in another market. Thus, the transmission of negative volatility shocks can play a stabilizing role for stock markets and we detected such effect using the stock index futures data from Asia.
Overall, Table 3 shows some interesting patterns when the results are analyzed also from the point of view of developed and emerging markets as groups of countries. First, there is no clear dominance of either of these two types of markets in terms of their role as volatility contributors. There are 7 cases with developed markets and 6 cases with emerging markets in Table 3 , where these countries are identified as contributors. Second, the emerging markets are, however, substantially more sensitive to volatility shocks as recipients. There are only 2 cases where the developed markets act as recipients and 12 cases where emerging markets are the recipients of volatility. Most notably, South Korea appears as the recipient 6 out of all 12 cases in Table 3 . Third, when results are broken down between positive and negative impacts of volatility, Table 3 reveals that the developed markets act as contributors of stabilizing effects in 5 cases versus only 2 cases when emerging markets play such role (see "-" signs in Table   3 ). The emerging markets, however, are more likely to induce volatility in other markets than the developed markets, as it is evidenced by only 2 such cases for developed markets versus 4 cases for emerging markets (see "+" signs in Table 3 ). Therefore, we can conclude that there is a dominance of evidence of stabilizing influence of developed markets and evidence of destabilizing effect of emerging markets on other countries in our sample. Table 4 summarises results of the AG-DCC model of Cappiello et al. (2006) for Japan, Hong Kong, Singapore, China, South Korea and Taiwan. Most parameters are statistically significant, indicating that the data is fitted with the AG-DCC model well and that the shocks to correlation are typically highly persistent. Most notably, the estimate of the asymmetric term (g1) for most futures markets is significant at the 5% level using Parkinson range estimator, thereby providing evidence of an asymmetric response in correlations. In other words, the conditional correlation among the stock markets exhibits higher dependency when it is driven by negative shocks. This result supports the evidence of the presence of asymmetric responses to negative shocks reported by Kenourgios et al. (2011) and it is also consistent with the asymmetric causality test that we used in the previous section. When we apply Garman-Klass range estimator, we also find evidence of an asymmetric response in correlations (only except for China). For Rogers-Satchell range estimator there is evidence for Japan, Hong Kong and
AG-DCC Model Results
Taiwan of an asymmetric response in correlations.
[ Table 4 around here]
Subsequently, we converted the series of "Q" matrices to 5 pairwise time-varying correlations series 4 . In Figure 1 , we plot the dynamic conditional correlations (DCCs) between each pair of stock index futures returns via China. The fluctuation around the time path of DCC series is evident over the entire sample period for all pairs, suggesting that the assumption of constant conditional correlations (CCC) models is not appropriate.
[ Figure 2 around here]
Panel A in Figure 2 shows that the dynamic correlation between China and Japan is lowest and most stable throughout the sample when using the Parkinson range estimator.
Concluding remarks
We use stock index futures data to analyse volatility transmission across emerging and developed markets in Asia. Based on our findings for all three range volatility estimators, i.e. Notes: * From Others -directional spillover indices measure spillovers from all markets j to market i; ** Contribution to othersdirectional spillover indices measure spillovers from market i to all markets j; *** Contribution including own -directional spillover indices measure spillovers from market i to all markets j including contribution from own innovations of market i; Other columns contain net pairwise (i,j)-th spillovers indices. 
Notes:
The critical values for the asymmetric causality test are calculated using a bootstrap algorithm with leverage correction.* The rejection of the Null Hypothesis of no causality at the 10% significance level. **The rejection of the Null Hypothesis of no causality at the 5% significance level; *** The rejection of the Null Hypothesis of no causality at the 1% significance level. The symbol A ≠> B means that A does not cause B which is the null hypothesis. 
Positive shock indicates that the increase in volatility of contributor market causes the increase in volatility of recipient market. Negative shock means that the decline in volatility of contributor market causes the decline in volatility of recipient market.
. Table 4 . Results of asymmetric dynamic conditional correlation analysis. 
